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In describing soil variability, information on the distribution of soil properties is required in both the
horizontal and vertical directions. This study investigated the potential of a real-time soil sensor (RTSS)
for mapping six soil properties at multiple soil depths of a paddy ﬁeld. Soil spectra were acquired at three
depths using RTSS. Three calibration models were developed. The ﬁrst model (CM1) combined the
dataset for depths of 10 and 15 cm, the second model (CM2) combined the dataset for depths of 15 and
20 cm, and the third model (CM3) combined all the three depths. CM3 was the best calibration model for
all the soil properties. The generated maps exhibited variations in the distribution of all the soil prop-
erties at different depths.
© 2015, Asian Agricultural and Biological Engineering Association. Published by Elsevier B.V. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
In precision agriculture, information on spatial and temporal
soil variability is essential in order to assist farmers in making
agronomic decisions for farm management. This is to ensure high
crop yield and low cost production with minimal unintended
environmental impact. In the conventional method of soil property
quantiﬁcation, the soil cores are collected at a limited number of
samples and then analyzed intensively in the laboratory. This
practice often results in under-sampling due to time-consuming,
laborious, and costly sampling and analysis, making it impractical
for mapping large ﬁeld areas for precision agriculture purposes.
Moreover, the capacity to detect temporal changes of these prop-
erties in soil using conventional sampling and analysis techniques
is quite limited due to the large spatial variability and slow
response of these properties in soil (Stevens et al., 2006). Therefore,Precision Agriculture in June
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ngineering Association. Published ban improved and efﬁcient method is required for measuring spatial
and temporal variability of soil attributes. One solution to overcome
the limitation found in the conventional method of soil sampling
and analysis is the adoption of a visible-near infrared (Vis-NIR)
sensor that is real time, cost effective and can rapidly measure soil
properties. Kodaira and Shibusawa (2013) have successfully used
the Vis-NIR real-time soil sensor for measuring and generating high
resolution maps for multiple soil properties including moisture
content, organic matter, total carbon, total nitrogen, hot-water-
extractable nitrogen and available phosphorus. In other studies,
Mouazen et al. (2007) investigated the potential use of the Vis-NIR
sensing system for online measurement of soil properties including
carbon, while Christy (2008) demonstrated that the Vis-NIR real-
time sensor has potential for mapping soil organic matter.
The real-time measurement of soil properties in many previous
studies, however, was only conducted in the horizontal strata (a
single depth) whilst ignoring the distribution of soil variability
vertically (depth direction). As claimed by Donovan (2012), vertical
distribution is important for describing the variability of soil carbon
because it is likely to vary with depth. Most soil carbon sampling
thus deﬁnes one or more layers of soil, usually by the distance in
centimeters from the soil surface. Variation in soil compositions
including SOM was also found at different depths as reported by
Reeves et al. (2002). Even though there are several studies thaty Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://
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et al., 2011), 0e20 cm (Viscarra Rossel et al., 2010) and
50e105 cm (Ge et al., 2011), the spectra measurements for cali-
bration model development in these studies, however, were labo-
ratory basis which is again laborious, time consuming and
expensive because the samples need to be crushed, sieved and
dried prior to spectra scanning. Sarkhot et al. (2011) used a hy-
draulic soil probe to take soil cores and then separated the soil cores
into ﬁve depths at increments of 0e10, 10e20, 20e30, 30e40 and
40e50 cmwhere the soil samples were oven dried before scanning
the spectra in the laboratory. Only the map at the depth of 10 cm
(single depth) is shown. In another study by Li (2013), the distri-
bution of total carbon and total nitrogen are presented on maps at
several depths but the maps were generated based on the labora-
tory analysis of a small number of samples. The resolutions of the
maps were low because they were mapped using the laboratory
analysis data only and no spectrawere acquired to predict the value
of total carbon and total nitrogen. Thus, the objectives of this study
were to investigate the potential of a Vis-NIR real-time soil sensor
for mapping moisture content (MC), organic matter (OM), total
carbon (TC), total nitrogen (TN), hot-water-extractable nitrogen
(HN), and available phosphorus (P-A) of paddy soil at multiple soil
depths for precision agriculture purposes, and to describe the effect
of sensing depth on the mapping of soil properties. The spatial
distributions of these six soil properties were observed at three
depths of paddy soil that were 10, 15 and 20 cm from the soil
surface.
2. Materials and methods
2.1. Experimental site
The ﬁeld experiment was conducted at an organic paddy ﬁeld in
Matsuyama City of Ehime Prefecture Japan (33 80N, 132 80E). This
site comprises a number of small paddy ﬁelds and ﬁeld no. 437
(58.3 m  21.7 m) was selected for this study. The experiment was
conducted after harvesting the paddy in autumn 2012. The average,
maximum andminimum temperature of the daywas 20.8, 26.3 and
14.5 C, respectively. The soil texture of the ﬁeld was described
according to three depths as follows: 52.82% sand, 24.71% silt and
22.47% clay at a depth of 10 cm, 54.55% sand, 21.02% silt and 24.43%
clay at a depth of 15 cm, and 66.29% sand,11.82% silt and 21.89% clay
at a depth of 20 cm.
2.2. Real-time Soil Sensor (RTSS)
The RTSS used for this study was SAS1000, SHIBUYA MACHIN-
ERY Co., Ltd as shown in Fig. 1. It is comprises of a sensor unit
housing, a touch panel and a soil penetrator with a sensor probeFig. 1. Real-time Soil Sensor SAS1000.housing. The sensor unit housing consists of a personal computer,
differential global positioning system (DGPS) receiver, 150-W Al-
coated tungsten halogen lamp as a light source and two spectro-
photometers. The ﬁrst spectrophotometer is for visible (Vis) spectra
(310e1150 nm), and has a 256-pixel linear diode array, while the
second spectrophotometer is for NIR spectra (900e1700 nm), and
has a 128-pixel linear diode array of multiplexed InGaAs. In the
probe housing, two optical ﬁbers were used to guide the light from
the light source (halogen lamp) and illuminate the underground
soil surface with an area of about 50 mm in diameter. The under-
ground soil Vis-NIR reﬂectance spectrawere then collected through
additional optical ﬁber probes to the two spectrophotometers. The
probe housing is also equipped with a micro CCD camera to cap-
ture, record and display images of uniform soil surfaces while the
RTSS running across the ﬁeld. The saved images were then used to
provide information for eliminating the dataset from the data
analysis. By checking on the saved images, the spectra corre-
sponding to the image that exhibited foreign objects such as stone,
plant debris or larvae were identiﬁed as outliers for the calibration
and prediction process. Next to the CCD camera is a laser distance
sensor for monitoring distance variations between the soil surface
and the micro optical devices.
The RTSS was designed with gage wheels on both sides that can
be adjusted to spacings of 5 cm at depths from 5 cm to 35 cm. In this
experiment, the gage wheels were initially adjusted for acquiring
spectra at a depth of 10 cm. The tractor that attached with the RTSS
was traveled on four transects at spacings of 5 m and a speed of
0.25 ms1. When the RTSS was running on the track, the soil pen-
etrator tip with a ﬂat plane edge ensured uniform soil cuts and the
soil ﬂattener following behind formed a trench with a uniform
underground surface. The Vis-NIR reﬂectance spectra of the un-
derground soil were acquired automatically from the bottom of the
trench every 4 s, and this resulted in the Vis-NIR reﬂectance spectra
being sampled at a distance of every 1 m. After the RTSS had
completely traveled all four transects, the process was repeated for
depths of 15 and 20 cm by adjusting the gage wheels.
While the RTSS was running on the track, a notiﬁcation lamp
was triggered at each data acquisition (every 1 m traveled). The
number of spectra data were counted and displayed on the touch
panel screen. When the RTSS acquired every 11th spectra data
(11 m), a wooden stick was inserted into the soil. Two sets of soil
samples were subsequently collected at the trench bottom of
twenty wooden sticks' positions and they were packed in sealable
plastic bags. This procedure was conducted for depths of 10, 15 and
20 cm. In total, there were two sets of 60 soil samples collected.
However, due to the RTSS encountering an obstacle at one point at a
depth of 20 cm, invalid spectra were acquired at that particular
point. Hence, a soil sample corresponding to that single point was
omitted from each set. Finally, only 59 soil samples of each set were
collected.
2.3. Soil chemical analysis
In order to measure the chemical amount in the soil samples
collected at the three depths, one set of the soil samples was
transported to Tokyo University of Agriculture and Technology
(TUAT) laboratory for MC and OM analysis while the other set was
transported to the Agricultural Product Chemical Research Labo-
ratory (APCRL: Federation of Tokachi Agricultural Cooperative As-
sociation, Hokkaido, Japan) for analysis of TC, TN, HN and P-A.
The ﬁrst set of 59 fresh soil samples was crushed and sieved
through a 2-mm sieve. Debris such as plant material and stones
were removed. The samples were then stored in sealable plastic
bags at 5 C until the completion of the chemical analysis. MC was
measured in fresh soil samples using the oven-drymethod at 110 C
Table 2
Summary of PLSR results for three calibration models of each soil property.
Soil Properties Calibration
dataseta
Nb Calibration Validation SD RPD
R2cal RMSEcal R
2
val RMSEval
MC [%] CM1 35 0.76 1.28 0.64 1.62 2.66 1.6
CM2 36 0.85 1.08 0.75 1.47 2.88 2.0
CM3 53 0.95 0.85 0.88 1.38 3.95 2.9
OM [%] CM1 35 0.70 0.19 0.51 0.25 0.36 1.4
CM2 36 0.83 0.20 0.71 0.27 0.50 1.9
CM3 53 0.87 0.23 0.83 0.26 0.63 2.4
TC [%] CM1 35 0.52 0.12 0.39 0.13 0.17 1.3
CM2 36 0.94 0.10 0.87 0.14 0.39 2.8
CM3 53 0.91 0.13 0.88 0.15 0.43 2.9
TN [%] CM1 35 0.46 0.01 0.33 0.01 0.01 1.0
S.N. Aliah Baharom et al. / Engineering in Agriculture, Environment and Food 8 (2015) 13e17 15for 24 h while SOM was measured in dried soil samples that were
sieved through a 1-mm sieve and burnt in a mufﬂe furnace at
750 C for 3 h. Each soil analysis was conducted three times, and the
average values were adopted as a reference values for the multi-
variate statistical analysis.
The second set of 59 soil samples transported to APCRL were
analyzed for TC, TN, HN and P-A by APCRL using the standard
procedures in the Hokkaido area in Japan (Souma and Kikuchi,
1992). This set of soil samples was also dried, crushed and sieved.
The soil analysis methods and instruments that were used for
analysis of the six chemical properties are given in Table 1.
2.4. Calibration model and mapping
Prior to the development of calibration models, all collected
underground Vis-NIR soil reﬂectance spectra were converted to
absorbance using BeereLambert's law. The absorbance spectra
were then converted to 5-nm-interval data by the interpolation
method using Data Monitor Software (Shibuya Seiki Co., Ltd.). The
spectra of original absorbance ranged from 350 to 1700 nm. To
enhance weak signals and remove noise due to diffuse reﬂection,
the absorbance spectra were pre-treated using the second-
derivative Savitzky and Golay method. Moreover, both edges of
the spectra were removed as these parts of the spectra were un-
stable and rich in noise. The calibration models were subsequently
developed by applying the partial least-square regression (PLSR)
technique coupled with full cross-validation to establish the rela-
tionship between the amount of soil properties obtained by
chemical analysis (reference values) with the pre-treated Vis-NIR
soil absorbance spectra from the corresponding locations. These
were performed using Unscrambler X10.2 software. For each soil
property, three calibration models were developed. The ﬁrst model
(CM1) combined the dataset (spectra and reference values) for
depths of 10 cm and 15 cm, the second model (CM2) combined the
dataset for depths of 15 cm and 20 cm, and the third model (CM3)
combined the dataset for all three depths. In the PLSR analysis,
sample outliers were detected by checking the residual sample
variance plot after the PLSR. Individual sample outliers located far
from the zero line of residual variance were considered to be out-
liers and excluded from the analysis. In this study, one sample was
selected as a sample outlier at one time up to four times for CM1
and CM2, and six times for CM3. In total, four sample outliers were
removed for CM1 and CM2, and six outliers for CM3. The perfor-
mance of the three calibration models for each soil property was
assessed based on the value of the coefﬁcient of determination
(R2val), root mean square error of prediction (RMSEval) and residual
prediction deviation (RPD) produced from the PLSR analysis. RPD is
given by the ratio of standard deviation (SD) of the reference
dataset to the root mean square error of full cross-validation
(RMSEval), as in Equation (1).
RPD ¼ SD
RMSEval
(1)
In this study, RPD was classiﬁed according to category, which
means the properties of the full cross-validation ability of PLSR inTable 1
Soil analysis methods and instruments.
Analysis method Instrument
MC Oven dry DK610Yamato
OM Ignition combustion FM28Yamato
TC Tyurin's method NC-220F, SUMIGRAPH
TN Kjeldahl method NC-220F, SUMIGRAPH
HN Absorptiometry QUAATRO, BRAN þ LUEBBE
P-A Absorptiometry QUAATRO, BRAN þ LUEBBEthis study. Values of RPD larger than 2.0 were considered excellent,
between 1.4 and 2.0 were good and below 1.4 were unreliable
(Chang et al., 2001).
The best calibration model that possesses maximum R2val and
RPD but minimum RMSEval in the regression analysis for each soil
property was then used to provide quantitative prediction and
mapping of the respective soil properties using ArcGIS Ver. 10.0
software. The soil maps were interpolated using the inverse-
distance weighting (IDW) method.3. Results and discussion
3.1. Performance of the calibration models
The PLSR results of the calibration and validation were obtained
as shown in Table 2. Based on the determination of coefﬁcient (R2val)
and root mean square error of validation (RMSEval), CM3 that
combined datasets of all three depths resulted in the highest ac-
curacy for MC, OM, TC, TN and HNwith R2val and RMSEval of 0.88 and
1.38 for MC, 0.83 and 0.26 for OM, 0.88 and 0.15 for TC, 0.85 and
0.01 for TN, and 0.87 and 0.43 for HN. For P-A, however, both CM2
and CM3 showed the same level of accuracy with both R2val being
0.72, but the RMSEval for CM3 (4.53) was lower than CM2 (4.74).
CM1 produced the lowest accuracy amongst the three calibration
models of all the six soil properties.
Referring to the accuracy classiﬁcation by Chang et al. (2001),
CM2 and CM3 proved to be excellent calibration models for MC, TC,
TN and HN with all of the RPD for these soil properties above 2.0.
For OM, only CM3 is regarded as excellent while CM2 is classiﬁed as
good (1.4 < RPD < 2.0). CM2 and CM3 for P-A are also classiﬁed as
good calibration models. CM1 for MC and OM showed goodmodels
while for the other four properties are classiﬁed as unreliable
(RPD < 1.4).
The results of this study show that the combination of the
calibration dataset for three depths gave a wider range of dataset
and resulted in better prediction accuracy of MC, OM, TC, TN, HN
and P-A. Hence, CM3 of each soil property was used to provide
quantitative prediction and mapping of the respective soil prop-
erties. Scatter plots of the CM3 models are depicted in Fig. 2.CM2 36 0.91 0.01 0.80 0.01 0.03 3.0
CM3 53 0.88 0.01 0.85 0.01 0.03 3.0
HN
[mg (100 g)1]
CM1 35 0.55 0.44 0.44 0.50 0.66 1.3
CM2 36 0.88 0.30 0.81 0.39 0.89 2.3
CM3 53 0.90 0.38 0.87 0.43 1.17 2.7
P-A
[mg (100 g)1]
CM1 35 0.66 2.69 0.40 3.66 4.67 1.3
CM2 36 0.80 3.90 0.72 4.74 8.87 1.9
CM3 53 0.87 3.02 0.72 4.53 8.50 1.9
a Combination datasets. CM1: 10 and 15 cm depths, CM2: 15 and 20 cm depths,
CM3: 10, 15 and 20 cm depths.
b Number of samples used in the model.
Fig. 2. Scatter plot of measured value versus Vis-NIR predicted values of CM3 datasets using PLSR for (a) MC, (b) OM, (c) TC, (d) TN, (e) HN and (f) P-A.
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The values of soil properties for 265 spectral collected at a depth
of 10 cm, 270 spectral at a depth of 15 cm and 377 spectral at a
depth of 20 cm were predicted using calibration model CM3 of the
respective soil properties. These predicted values were used to
draw prediction maps at three depths as illustrated in Fig. 3. The
generated maps clearly show that the distribution of all six soil
properties varied both horizontally and also in depth. The depth of
10 cm exhibited the highest concentration of all six soil properties
and followed a diminishing pattern at deeper soil depths. The re-
sults of TC, TN and OM qualitatively agreed with a previous study
using laboratory analysis (Li et al., 2012) and using lab-based
spectra acquisition (Reeves et al., 2002).
Since it was found that the distribution of the soil properties
also varied at different soil depths, the effect may differ if the dis-
tribution of the soil properties was just considered at a single
depth. For example, by referring to the nitrogen map in Fig. 3(d), it
can be seen there are some areas with low nitrogen content at a
depth of 15 cm but high nitrogen content at a depth of 10 cm. If a
grower makes an observation at a depth of 15 cm only, he might
tend to put more fertilizer on the area of paddy ﬁeld that contains
low or insufﬁcient nitrogen. This inadvertently leads to excessivenitrogen application if that particular area with less nitrogen at a
depth of 15 cm actually contains high or sufﬁcient nitrogen at a
depth of 10 cm. Therefore, from this study, it can be suggested that
several depths of soil variability observation need to be considered
and growers need to determine at what depth (optimum depth)
should be observed for speciﬁc soil management in precision
agriculture practice.
Besides its potential for producing high-resolution soil distri-
bution maps at multiple depths, the use of Vis-NIR RTSS could
constantly maintain the observation depth by adjusting the gage
wheel. This may eliminate poor reproducibility due to inconsis-
tency of soil sampling by manual labor at several depths as
mentioned by Kanda (2011).
4. Summary and conclusion
Three spectroscopic calibration models have been developed for
MC, OM, TC, TN, HN and P-A using Vis-NIR spectra acquired by the
RTSS. The CM3 produced the highest accuracy of all the examined
soil properties and it was hence used to predict the amounts of soil
properties at three depths. The generated maps exhibited variation
in the distribution of MC, OM, TC, TN, HN and P-A not only hori-
zontally but also at different depths. Furthermore, the
Fig. 3. Soil maps for three depths predicted using CM3 for (a) MC, (b) OM, (c) TC, (d) TN, (e) HN and (f) P-A.
S.N. Aliah Baharom et al. / Engineering in Agriculture, Environment and Food 8 (2015) 13e17 17incorporation of multiple soil depths maps for MC, OM, TC, TN, HN
and P-A provided comprehensive information on soil variability for
making precisions agronomic decisions. Hence, the Vis-NIR real-
time soil sensor has great potential for determining the soil prop-
erties at multiple soil depth.
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